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Abstract—A windmill offline stage which causes an effect in the production of power. In a season time due to heavy wind 
speed the generator exceeds the limit of RPM. It causes damage in the valuable part of the windmill. In this paper we 
proposed system to avoid an offline state and make the continuous production by using the optimized probabilistic neural 
network (OOPNN) [3]. The supervised learning algorithm using as a learning stage to store the dataset pattern. Optimized 
prediction error algorithm (OPEA) used for a more optimized error reducing in learning and make effective production. The 
predicted value is sent to the controller unit (CU). The CU  maintains the speed of an the generator RPM by rotating the 
angle of the blade depends on the wind speed and also make increase load in gear to maintain the same level of RPM in the 
generator [7] [10]. 
 
Keywords— CU, off line, OOPN, OPEA, RPM,  speed. 
 
 
I. INTRODUCTION 
 
In this modern world, the electric current usage which 
plays a vital role in all fields and areas. Before a 
year’s non renewable resources like coal, fossil fuel 
etc. this is used to generate the electric current. While 
using this nonrenewable major threading occurred. 
It’s treating to our environment, threats like an 
increase in co2, methane gases etc. in our 
atmosphere. It’s the major reason for occurring this 
global warming. For these reasons we are moving 
towards the renewable sources like solar energy, wind 
energy, thermal energy etc. Even though it is costly 
but through this source we can get more energy, it’s a 
wind energy through the windmill [1]. In Coimbatore 
or rural areas being appealing wind energy 
conversion appears to conventional generating power. 
Through the wind turbine the wind energy 
conversation takes place. This wind turbine which 
consists of four main parts are the tower, base, blades 
and nacelle. Wind energy is captured by blades and 
generators spinning in the nacelle. The nacelle is 
supported by the tower and it also maintained nacelle. 
In the windmill the gearbox and the generator play a 
vital role and valuable part in too. Because most of 
the damages occur in those parts, reason is heavy 
wind flow. Due to this heavy wind flow the RPM is 
high in the rotor, because of this reason it exceeds 
1500 RPM in generator so, the damages occur in the 
generator. To prevent this damage’s in turbine , 
turbine is offline in that period. This paper proposed 
literatures survey about the damages and also to 
overcome the damages by maintaining required RPM 
for continuing productivity in turbine by using 
probabilistic neural networks with an artificial arm.  
The probabilistic neural network (PNN) Is proposed 
for wind-power evaluation. The PNN network consist  

 
of two layers the one is the input layer , here node 
represents the number of variables which is predictors 
and many hidden layers of multiple nodes represent 
the number of training variables. Another is an 
Output layer, here nodes to represent the predicted 
values which are dependent variables [3]. In the PNN 
network consists of single-pass network training stage 
so there is no need of Iteration for adjusting the 
weighting between the layers of each node its a main 
advantage of using this PNN. The training of PNN by 
using the previous and the day before predicting day, 
or the past days of before and after the predicted day 
in the year of recorded data. It is also used to 
determine and estimate the parallel trend and between 
the predict data and the previous one. And also it is 
for learning the new training data which the speed the 
learning process [7]. Depends on the time-scale 
application and the available information, the 
particular prediction method is used. In a few seconds 
wind prediction is used for controls the wind turbines. 
Here, the short-term prediction of wind power in time 
series usually followed in the high order neural 
network. These models also applied for daily or 
monthly basis. 
 
II. PROBABILISTIC NEURAL NETWORK 
 
 The relationship between inputs and outputs can be 
curve fitted the nonlinear system which is driven in 
PNN [5]. The PNN network consist of two layers the 
one is the input layer , here node represents the 
number of variables which is predictors and many 
hidden layers of multiple nodes represent the number 
of training variables [3]. Another is an Output layer, 
here nodes to represent the predicted values which are 
dependent variables. The training of PNN by using 
the previous and the day before predicted day, or the 
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past days of before and after the predicted day in the 
year of recorded data. It is also used to determine and 
estimate the parallel trend and between the predict 
data and the previous one [7]. And also it is for 
learning the new training data which the speed the 
learning process. A back propagation algorithm for 
training uses the artificial network (ANN). The 
performance of the derived model is significantly 
affected by the training data. The relationship 
between wind speed and capture power is derived 
iteratively trained using ANN. While retrain the 
network with new and past training data, create some 
difficulties to adapt to a new environment in ANN. 
By using a PNN New training data is incrementally 
learning and growing constantly, which increase the 
speed of the training process [5]. 
 
III. LAYERS OF PNN 
 
A. Input layer 
 Input layer represents a predictor variable in 
each neuron. N-1 neurons, where N is the numbers of 
categories are used. The values range Is standardized 
by subtraction the median and divide by the inter 
quartile range. After that input neuron feed the values 
to have hidden layer. 
B. Pattern layer 
 This pattern, layer consists of the training 
data set from the each of one neurons.     Along with 
the target value the predictor variable values which 
are stored in this layer. From the neurons center point 
the Euclidean distance computes in the hidden layer 
and then sigma values by kernel function is applied. 
C. Summation layer 
 From the each category of the target 
variables there must be a one pattern neuron in the 
PNN network. Each training case is stored from the 
actual target category with a hidden neuron; the 
weighted value as the output of a hidden neuron is fed 
only to the pattern neurons in that corresponded 
hidden neurons. 
The problems are often classified by PNN. From the 
input, the distance from the input vector to the 
training vector which computes in the first layer. This 
operation produces a vector which indicates how 
close the input is to train input [5].  
For each class of inputs and produce its output as 
probabilities in vector sums is performed on this 
second layer. At last, a complete function output of 
the second layer which take the maximum 
probabilities. 
D. Output Layer 
 In this layer comparison takes place in the 
weighted votes for each target accumulate in the 
pattern layer. Then the largest vote to predict the 
target one. 

 
Fig.1 

 
In this PNN consist of four layers: input layer, pattern 
layer, summation layer, and output layer.  In PNN 
single or more dependent variables values are 
predicting, given the input more than one independent 
variable[5]. 
Representations: 
Input vector P = [ଵ, ଶ, . . . , , .  , ], of length n, 
Output vector Q' = [ݍଵ, ݍଶ, .  , ݍ, . , ݍ] Of length k, 
    Here, Q' = prediction of 
the Actual Q, 
 Input pattern = P, 
 Pattern units =K, 
 Stored patterns = Pk , 
  
In the PNN which consisting of input vector P with 
generating an output vector Q'. In this network PNN 
which is comparing a K (pattern units) set of stored 
patterns with a new input pattern P, which know the 
output ݍ. For measuring the distance between the 
training pattern Pk and the P (unknown input pattern) 
a normalized Gaussian function is used in each of 
pattern units [5]. And also measures the 
dissimilarities between the two patterns. The 
magnitude for storing pattern pack can be inversely 
relative to its distance from the input pattern P its 
property is represented as ݍ. The  ݃ Is a maximum 
of unity when the distance is zero. 
 
In the summation layer, N is calculated as one unit, 
the products of ܩ Of the sums and ݍ  The associated 
known output. D is computed as another variable, the 
sum of all ܩ. 
 
 Finally, the N output unit divides by D to 
produce the Q output. The PNN is able to establish 
the random function. The input and output variables 
and linear or nonlinear relationship. 
 
In the architecture n input layer Pn from p1. k (pattern 
units) training examples, it also allows to obtain m 
input units and output units QM from Q1, and yield K 
input/output training pairs training pairs (P (k) /Q  
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(K)).  The PNN consists of the two stages learning 
stage and recalling stage which is described below. 
 
IV. SUPERVISED LEARNING 
 
Is like an external teacher, the input unit must  get a 
response from the output unit. Global information 
may be required during the learning stage. This  
supervised learning also includes the error correction, 
schosticated and reinforcement learning. The major 
thing to determine a set of weights which error 
minimizes. OPEA optimized prediction error 
algorithm for minimizing the error in the prediction 
as like as on the well known learning paradigm LMS 
convergence (least mean square). 
 
V. OPTIMAL PREDICTION ERROR 

ALGORITHM 
 
We proceed with the Optimal Prediction Error 
Algorithm (OPEA) for the adjustable weights in on-
line update. Most of the algorithm for recurrent 
networks of online training is real time recurrent 
learning (RTRL)[10]. Along with the negative 
gradient direction weight update is also taking place. 
Because of the small learning rates is required and 
also most becomes tapped to local minima this 
method shows the slow convergence [7]. To improve 
the performance, We proposed an optimal learning 
technique, the optimized predictive error algorithm 
(OPEA). With a superior algorithm, the  error 
correction takes place while predicting the wind 
speed.through this OPEA the optimized predicted 
value is fed and reduce the error in prediction.and 
also the predicted value is sent . By using OPEA 
method we can decrease the iteration process while 
prediction  and make the prediction is accurate with  
optimized.  
Here ,learning and  recalling stage takes place to 
predict the optimizing error.Learning stage is 
otherwise known as training process. In these 
learning stage Input patterns are  given from the input 
layer. Each of  the input patterns which computes in 
the pattern and the summation unit. These outputs are 
stored and sent to the adjusting the weight to reduce 
error until to get the expected output .  
The next stage is the recalling stage,  then the output 
is compared with the current inputs. The output data 
may be  from the collected data which is recording 
data of the previous day, the day before and the 
forecast day or past day. On the basis of previous 
year, month, day and hourly basis data could be 
recorded.the estimation takes place between the 
predicted data and the original data.depends on the 
calculation the iteration process takes place and make 
the changes in weight to reduce the error and make 
the optimized prediction output.the final optimized 
output is sent to the controller unit and make them to 
change pitch angel in the turbine to reduce the 
rotation of the blades to maintain the generator RPM.  

1) LEARNIG  ALGORITHM: 
 
 For each training example P (k), k=1, 2,3,., K, 
Step 1: Create input  weight ܹூ  Between input 
units and pattern units by 
ݓ  =                (݇), i=1, 2,3,…. N
With ܹூ =[ݓ

ூ]×      And 
P (k)  =[ଵ(݇),ଶ(݇), … . ,(݇), …  .(݇)]T,
Step 2: Create output weight ܹே Between pattern 
units and summation unit ܰ By 
    (k),         j=1, 2, 3, . . . . , mݍ = ݍ          
With  ܹே  = ൣݍே൧ K m and  Q'(k)=

T . 
Connection weights of pattern units to summation 
unit  are set to one. 
2) RECALLING STAGE: 
Step 3: Derive network weights  And . 
Step 4: Apply test vector P=

 to the network. 
Step 5: Compute the Euclidian distance from 

  = 2  

The outputs of pattern units are computed by 
   = exp  

Where smoothing parameters are assumed to be equal 
such that = 1 = 2 ,= 3. . .,= k, . .  , = K  

The suitable   can be performed to obtain the 
minimum misclassification error based on the test 
data. 
Step 6: Compute  , The sums of the products of  

And associated know the output ,given by 

 = . 

The sum of all  Is given by 

 = . 

Step 7: Compute the output  By 

 =  

Where  is the localized average of the stored output 

patterns .    
(k) = [ ] (k) = (k) 

I.  MONITORING 
 The monitoring process which takes place 
by the various of parameters at which I have 
mentioned above. There are various steps involved in 
a windmill in monitoring each step [5]. 
 
STEP 1: 
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Fig 2: 

 
 From the step 1 is the basic, to know the 
purpose of the wind mill either the power is taken for 
residential purpose, commercial purpose or industrial 
purpose. Depends upon the purpose the power is 
going to be used and also outcome power from the 
each turbine. 
And also want to make sure above the amount of 
power consume per day or per week or per year 
depends on the place or city . This statistical report 
which is for saving the power and using for future 
purpose. 
When compare with the commercial and industrial 
usage of the electric current is lesser than the 
residential[25].  
  
STEP 2:  
MONITORING WIND SPEED: 
 
Depends on the purpose, the height of the windmill is 
determined. The windspeed is calculate  in the area 
which is windpower  is going to be plant. Angle of 
the blades which determine the speed of wind and 
rotation of the generator. Through yawn drive we can 
rotate the turbine towards the wind flow to capture 
the more wind.the capturing area of the wind is also 
determined by the blade size and angle of the each 
balde also a pitch angle. 
 

S.NO Angle Speed 

1 9 31.96 

2 10 29.50 

3 11 28.61 

4 12 26.58 

5 13 24.33 

6 14 22.52 

7 15 20.80 

8 16 19.05 

9 17 17.51 

10 18 15.09 

11 19 14.91 

12 20 12.07 

13 21 12.10 

14 22 10.50 

15 23 9.01 

16 24 8.51 

 17 25 7.61 

18 26 6.50 

19 27 4.60 
Table 1: 
 
Depends upon where the windmill is placed, the wind 
speed Is differ . Windmill may be placed in hilly 
areas, on the seashore, off seashore, top of the 
buildings etc.. The wind speed which is described 
above  calculation is taken from the Pollachi 
(Coimbatore). Its shows depend on the angle of the 
blade, speed is also determined. To maintain the 
required rotation speed, the angel is to be changed 
towards the wind direction[24]. 
 
STEP 3: 
The amount of  power outcomes which depending on 
the speed of the wind. From (3) which is a power 
outcome as KW at a normal wind speed in the hourly 
basis.productionn will stop is down when wind speed 
reaches and exceeds certain limit which is noted in 
fig 3 During the  heavy  wind speed, generator is  
reaches and exceeds its 1500 RPM, so due to the 
reason which demages by over temparature and also 
made a power loss in the generator . By maintaing the 
RPM the geanrator we can avoid the demages from 
over heating and maintain the continous production 
without allowing an offline state.  
 

 
Fig 3: 
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STEP 4: 
Monitoring the generator is the very important task in 
the windmill. Normally generator rotation should be 
1500rpm if it exceeds the 15000rpm then the 
generator will damage because of overheating in the 
coil in  the generator through the continuous 
monitoring we can prevent the damage occurrence in 
the generator. In fig (4) shows the normal current 
which is produced by the generator because of 
maintenance in over heat and rotation. 
 

Fig 4: 
Through the changes in the angle of the blades we 
can reudce the speed of windmill and make the 
control of the blade rotation and RPM of the 
generatre is also detemined[23]. 
 
CONCLUSION 
 
Due to the over wind speed the rotation rotor blade is 
faster than normal RPM, it also affects the speed of 
the generator RPM it causes the damages in the 
generator. During that period the turbine in offline, by 
stopping the rotor blade. To avoid the offline state , 
OPEA for optimized predicting the wind speed by 
using the OPNN. Through this algorithm we can get 
optimized predicted value about the speed of the wind 
.Then CU controls the turbine blade depends on the 
wind speed through the predicted values. Here the 
wind is predicted by using the recalling stages which 
are already learned and stored the values by using the 
PNN. For the learning stages, supervised learning is 
used for continuous learning the values to predict and 
execute the operations. The learning stages which are 
taken on minute basis or hourly basis or daily basis or 
monthly or yearly basis depends upon the area which 
the windmill is used. . In future , increasing  the load 
in the gear and make them rotation blade in our 
control which depends on the predicted value to avoid 
exceeds the generator RPM level with less vibration 
in the turbine.  
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